
INTRODUCTION

Insect pollinators play a pivotal role in improving 
both the yield and quality of agricultural crops. Among 
them, the honeybee (Apis mellifera) and the bumblebee 

(Bombus terrestris) are the most widely used species for 
commercial pollination (Velthuis and van Doorn, 2006; 
Klein et al., 2007). These pollinators contribute to the 
pollination of major horticultural crops such as water-

melon, strawberry, and tomato, and approximately 35% 
of global food production depends on insect-mediated 
pollination (Gallai et al., 2009). However, multiple envi- 
ronmental stressors-including climate change, pesticide 
exposure, pathogen outbreaks, and habitat fragmenta-
tion-have led to colony weakening and decreased acti- 
vity of managed pollinators worldwide (Owen, 2017; 
Abou-Shaara, 2019). Such declines not only represent 
physiological stress at the individual level but also direct-
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ly reduce pollination efficiency and honey yield, ultima- 
tely impacting overall agricultural productivity (Good- 
rich et al., 2019; Hristov et al., 2020).

Thermal and humidity imbalances within the hive can 
disrupt brood development and reproduction, and ther-
mal regulation failure is one of the major factors leading 
to colony collapse (Sudarsan et al., 2012). In greenhouse 
and enclosed-cultivation systems, bees exhibit reduced 
adaptability to external climatic changes. Because the 
internal temperature, humidity, and nutritional status of 
a hive directly affect the queen’s oviposition and worker 
survival, precise environmental control is essential for 
stable colony management (Meikle and Holst, 2015). 
Nevertheless, beekeeping practices still largely depend 
on empirical inspection and manual hive opening, which 
provide only fragmentary information about the internal  
status of a colony. This makes it difficult to monitor real- 
time changes in colony condition or activity quantitative- 
ly (Cecchi et al., 2020; Cook et al., 2022; Alleri et al., 
2023). Consequently, early detection of colony stress re-
mains limited, increasing the risk of temperature, humid-
ity, and ventilation stress that can destabilize the colony 

(Meikle and Holst, 2015; Abou-Shaara, 2016; Switanek 
et al., 2017).

Most current smart beekeeping technologies focus on 
monitoring rather than control, using sensors for tem-
perature and humidity (Cecchi et al., 2020; Alleri et al., 
2023; Kviesis et al., 2023), hive weight and CO2 con-
centration (Bencsik et al., 2023), or tracking hive move-
ment via GPS and IoT communication (Tashakkori et al., 
2021; Lee et al., 2023). Although these sensor-based sys-
tems effectively collect environmental and physiological 
data, they rarely extend to active environmental regula- 
tion or colony productivity improvement.

Recently, image recognition and artificial intelligence 

(AI) technologies have been increasingly applied to auto- 
matically analyze bee foraging activity, flight velocity, 
and movement trajectories (Boenisch et al., 2018; Lee et 
al., 2020, 2022; Sun and Gaydecki, 2021). Deep-learn-
ing-based vision models can identify and track individ-
ual bees, providing a proxy measure for colony vitality. 
However, most of these studies have focused solely on 
algorithmic performance and have not integrated actual 
environmental control functions, such as temperature or 
ventilation regulation (Kulyukin and Mukherjee, 2019). 
More recently, Penaloza-Aponte et al. (2024) developed 

an automated entrance-monitoring module capable of 
continuously recording forager traffic through a custom 
hive entrance. While such systems demonstrate the grow- 
ing feasibility of long-term automated behavioral moni-
toring, they remain limited to traffic observation and do 
not integrate environmental control or multi-sensor colo-
ny assessment.

In this study, we developed a smart beehive system that  
integrates a deep-learning-based image recognition mo- 
dule with a multi-sensor environmental control platform.  
The system continuously measures internal temperature,  
humidity, CO2 concentration, and feed weight, and auto- 
matically regulates a heater or fan according to pre-
defined seasonal thresholds to maintain optimal hive con-
ditions. In addition, entrance videos captured by an RGB  
camera are analyzed through a MobileNetV2-based de-
tection algorithm to quantify bee traffic activity in real 
time. Two detection algorithms (Algorithm 1 and Algo-
rithm 2) were proposed and compared to evaluate recog-
nition performance, and the impact of GPU acceleration 
on detection efficiency and frame rate was analyzed. The 
developed system aims to provide a foundational technol- 
ogy for integrating environmental control and behavi- 
oral monitoring, enabling stable colony management and  
advancing smart apiculture applications.

MATERIALS AND METHODS

1. System architecture

The developed smart beehive system was designed as 
an integrated control platform based on a single-board 
computer (SBC, Raspberry Pi 4B). The system consists of 
four functional modules: environmental sensing, environ- 
mental control, image recognition, and data communi-
cation (Fig. 1). The internal and external temperatures,  
humidity, CO2 concentration, and feed weight were mea- 
sured in real time. According to seasonal settings, the 
system automatically activated a heater (winter mode) or 
a fan (summer mode) to maintain the internal temperature 
within the optimal range for colony stability. An RGB 
camera was installed above the hive entrance to record  
bee activity, and a deep-learning model embedded in the 
SBC analyzed these images to quantify colony activity. 
The major components and specifications of the system 
are summarized in Table 1.
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2. Hardware configuration

A Raspberry Pi 4B (4 GB RAM) served as the central 
processing and control unit. Internal temperature and 
humidity were measured using an SHT30 sensor (accu-
racy±0.2℃, ±2% RH), while external conditions were 
monitored by a DHT22 sensor (accuracy±0.5℃, ±2% 
RH). CO2 concentration was measured using a non-dis-

persive infrared (NDIR) CM1107 sensor (0-5,000 ppm, 
±50 ppm), and feed weight was measured with a 5 kg 
load cell (CZL635, ±2.5 g). The environmental control 
module consisted of two 5 V 1 W fans and one 5 V 10 W  
heater operated via a 5 V four-channel relay module. Time  
synchronization was maintained by a DS3231 RTC mo- 
dule, and data were transmitted to a remote server using  
Wi-Fi communication. All components were powered by  
a DC 5 V 4 A adapter.

3. Environmental sensing and control algorithm

The environmental sensing and control algorithm 
was designed to operate in two seasonal modes-winter 

(heater control) and summer (fan control)-based on the 
internal temperature (Tin) (Fig. 2).

•Winter mode (heater control): 
Heater ON when Tin<Tset   for >5 s; 
Heater OFF when Tin≥(Tset +1℃)   for >5 s.

•Summer mode (fan control): 
Fan ON when Tin≥Tset   for >5 s; 
Fan OFF when Tin≤(Tset-1℃)   for >5 s.

External temperature was used as a correction variable 
to prevent over-cooling during sudden external fluctua-
tions. When relative humidity changed abruptly (>10% 

Fig. 1. Layout of the hardware configuration of the smart beehive 
system.

Table 1. Main hardware components and specifications of the smart beehive system

Component Model/Specification Function

SBC Raspberry Pi 4B (4 GB RAM) Video processing and system control

Temperature/Humidity sensor 

(internal)
SHT30 

(-40-125℃, ±0.3℃; 0-100% RH, ±3%)
Internal temperature/
humidity measurement

Temperature/Humidity sensor 

(external)
DHT22 

(-40-80℃, ±0.5℃; 0-100% RH, ±2%)
External temperature/
humidity measurement

CO2 sensor CM1107 (NDIR, 0-5,000 ppm, ±50 ppm) CO2 concentration measurement

Load cell CZL635 (5 kg, ±2.5 g) Feed weight measurement

Cooling/Heating device Fan (5 V 1 W × 2), Heater (5 V 10 W) Temperature regulation

Relay module 5 V 4-channel Actuator control (fan/heater)

RTC module PCF8563T Time synchronization

Communication module Wi-Fi Wireless data transmission

Power supply DC 5 V 5 A adapter Power source
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RH within 10 s), the control loop temporarily prioritized 
temperature regulation to prevent condensation. CO2  
concentration was recorded as a reference indicator of 
colony respiration and ventilation state. Feed-weight data  
were collected at 1 Hz and smoothed using a 10-s moving  
average, with outliers outside±3σ excluded.

4. Image data acquisition and training

The RGB camera was fixed 20 cm above the hive 
entrance and recorded at a resolution of 1,280 ×720 px  
with a frame rate of 25-30 FPS. From the recorded 
videos, frames in which the shapes of bees were clearly 
distinguishable were extracted and used as training data. 
The target species were the honeybee (Apis mellifera) 
and the bumblebee (Bombus terrestris), and the image 
data were labeled into three classes: Bee (honeybee), 
Dbee (bumblebee), and Gate (entrance). The “Gate” 
class was added to prevent background misrecognition. 
In addition, to ensure that non-target objects similar to 
the target were not incorrectly recognized, additional 
environmental images from actual field conditions were 
collected and separately labeled as “negative images” 

(Table 2).
Data augmentation included rotation (-10°, 0°, +10°) 

and scaling (1.0, 0.7). From 1,534 honeybee and 1,137  
bumblebee images, a total of 16,026 augmented images 

were generated. Label coordinates were recalculated auto- 
matically during augmentation to maintain positional  
accuracy (Fig. 3). The MobileNetV2 network based on 
the TensorFlow Object Detection API was used for train-
ing. A transfer learning approach was applied using pre-
trained weights from the COCO dataset. The batch size 
was set to 24, and the number of epochs was optimized 
within the range of 7,000-12,000. The trained model 
was deployed in the SBC environment and applied for 
real-time image recognition (Fig. 4).

5. Bee activity detection algorithm

Bee activity was detected using the method of Lee et 
al. (2020), in which the video frames around the hive  
entrance were divided into three regions: A (whole area), 
B (inner entrance), and C (outer entrance). The directional  
movement of bees was determined by analyzing the 
changes in the number of detected bees between consec-
utive frames (ΔA, ΔB, ΔC) (Algorithm 1; Table 3). To 
correct for hovering and round-trip flights, an additional 
outer D zone was added to construct an improved algo-
rithm (Algorithm 2; Table 3).

The interval between frames was set based on a 25 
FPS environment. According to the high-speed camera 

(240 FPS) analysis reported by Lee et al. (2022), the 
average flight speed of honeybees was 0.10 m per 0.21 s. 

Fig. 2. Temperature control algorithms for summer (fan control) and winter (heater control) modes in the smart beehive system. (A) In summer 
mode, the fan is activated when the internal temperature (Tin) exceeds the preset temperature (Tset) and deactivated when it drops below the 
threshold. (B) In winter mode, the heater is activated when Tin falls below Tset and turns off when the temperature rises above the threshold.
Both modes include an adaptive loop for updating Tset according to environmental changes.

(A) (B)
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Table 2. Composition and characteristics of training images for bee-shape data

Class Environment Image features and description

Honeybee 
(Bee)

Hive 
entrance

Images were collected in which honeybees were clearly visible, allowing the model to 
distinguish features accurately. Although the bees appear relatively large due to close-up 
shooting, this was compensated by applying size augmentation, and the images were suitable 
for training.   

Field 
environment

Images were captured from the actual camera installation position, providing realistic 
environmental context.

Bumblebee
(Dbee)

Colony 
entrance

Similar to the honeybee dataset, images were taken at close range to ensure that the 
bumblebee’s body shape was clearly represented. Although the bees appear slightly larger, 
the images were processed with size augmentation and used without issue.
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Accordingly, the camera’s field of view and magnifica-
tion were adjusted to achieve an approximate movement 
resolution of 3 cm.

6. Performance evaluation

1) Validation of environmental control algorithm
To verify the operating characteristics of the environ-

mental control algorithm, experimental trials were con-
ducted under distinct seasonal conditions-summer (fan 
control) and winter (heater control). The summer mode 

(fan control) experiment was carried out from June 15 to 
June 26, 2023, in an onion cultivation greenhouse located  
in Haenam-gun, Jeollanam-do, Korea (34°35ʹ39ʺN, 126° 

39ʹ46ʺE). 
In this mode, the fan was programmed to activate when  

the internal temperature (Tin) exceeded 32℃ and to stop 
when it dropped below 32℃. A single bumblebee (Bom-
bus terrestris) colony, consisting of one queen and 100 
workers, was placed in the smart hive for observation. 
The winter mode (heater control) experiment was con-
ducted from January 7 to February 2, 2024, in a straw-
berry cultivation greenhouse located in Noseong-myeon, 
Nonsan-si, Chungcheongnam-do, Korea (36°16ʹ33ʺN, 
127°06ʹ14ʺE). In this mode, the heater was activated 
when Tin dropped below 25℃ and turned off when the 
temperature rose above 30℃.

Table 2. Composition and characteristics of training images for bee-shape data

Class Environment Image features and description

Bumblebee
(Dbee)

Field 
environment

The images were captured from the actual camera installation position, which provides 
meaningful correspondence to the real operating environment. Distinguishing between the 
bumblebee and the hive entrance can sometimes be difficult.To improve model robustness, 
the background color was varied over time when capturing the images.

Gate 
(entrance)

Field 
environment

Because the shapes of the bumblebee and the hive entrance are similar, an additional class 
was created to distinguish the bumblebee from the entrance and thereby eliminate recognition 
errors. Since the entrance itself is stationary and the number of distinct images could be 
limited, the surrounding environment was varied in multiple ways during data collection to 
clearly define the entrance features during training.

Table 2. Continued
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A single honeybee (Apis mellifera) hive, composed 
of one queen, four combs, and approximately 7,500 
workers, was used for the test. Once installed inside each 
greenhouse, the smart hive automatically recorded data 
on internal and external temperature, humidity, CO2 con-
centration, and feed weight at one-minute intervals. The 
collected data were transmitted to a remote server via 
Wi-Fi communication.

After the experimental period, the raw data stored on 
the server were downloaded in CSV format and analyzed  
using Microsoft Excel 2021. The analysis included the 
temporal variation of temperature, the corresponding 
control signals (heater or fan activation), and the mean 
temperature with its deviation. Based on these datasets, 
the temperature stabilization characteristics and control 
response performance were compared between the win-
ter and summer modes.

2) �Validation of image recognition-based bee activity 
detection algorithm

In this study, the performance of the image recognition- 
based bee activity detection algorithm integrated into 
the smart beehive system was quantitatively verified by 
evaluating its detection accuracy for incoming and out-
going bees.

3) Experimental conditions
The experiment was conducted on September 30, 

2023, at the Insect Rearing Facility of the National Insti-
tute of Agricultural Sciences (Jeonju, Korea; 35°49ʹ43ʺN,  

Fig. 3. Example of image preprocessing and data augmentation for deep-learning training.

Fig. 4. Architecture of the MobileNetV2 network used for object 
recognition.
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127°02ʹ33ʺE). Tests were performed under both indoor 
and outdoor conditions, using two species: the bumble-
bee (Bombus terrestris) and the honeybee (Apis mellif-
era). The indoor bumblebee experiment (Environment 1) 
was carried out in a rearing room measuring 6.6×6.6 m. 
A mesh cage (2×2×2 m, mesh size 2 mm) was installed 
to confine the flight area. Illumination was maintained 
at approximately 1,000 lux, with the temperature set at 
26℃ and relative humidity at 50%. Approximately 80 
bumblebees from the 22nd generation colony, main-
tained at the institute, were used. The outdoor bumble- 
bee experiment (Environment 2) was performed in an 
open space outside the same building at 11:00 a.m. under  
natural light conditions (approx. 30,000 lux). The ambi- 
ent temperature was 23℃ and relative humidity 45%. 
The same 22nd-generation bumblebee colony (approxi-
mately 80 individuals) was used. The outdoor honeybee 
experiment (Environment 3) was conducted at the same 
location and time (11:00 a.m.) under equivalent environ- 

mental conditions (approx. 30,000 lux, 23℃, 45% RH). A 
honeybee hive (A. mellifera) purchased from a commer- 
cial apiary was used, consisting of about 1,500 worker 
bees and two combs.

4) Evaluation procedure
All experiments were conducted using the same smart 

beehive system and image recognition device. The RGB 
camera was configured at a resolution of 1,280 ×720 
pixels and a frame rate of 25-30 FPS. For each environ-
ment, the RGB camera installed above the hive entrance 
recorded bee traffic for one minute, while an observer 
manually counted the number of incoming and outgoing 
bees at the same time. The automatically detected counts 
from the system were then compared with the observed 
counts. Each experiment was repeated five times, and 
the average of the repeated measurements was used to 
evaluate the detection accuracy of the algorithms.

Detection accuracy was calculated based on the ab-

Table 3. Detailed structure of bee activity detection algorithms (Algorithm 1 and Algorithm 2)

Algorithm 1 structure Detail

A zone - entire frame area
B zone - inner entrance box
C zone - outer entrance area (A-B)

Incoming-count algorithm
- Abef>Aaft & Bbef>Baft

Outgoing-count algorithm
- Abef>Aaft & ∆B = 0   ∆C≤∆A

Algorithm 2 structure Detail

A zone - entire frame area 
B zone - inner box region 
C zone - intermediate area (A-B-D) 
D zone - outermost boundary region 

Incoming-count algorithm
- ∆A = 0 and Cbef >Caft and Baft>Bbef

Outgoing-count algorithm
- ∆A = 0 and Cbef >Caft and Daft>Dbef

Algorithm 2 adds the outer D zone to correct errors 
from hovering or round-trip flights near the entrance.
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solute difference between the observed and predicted 
counts, according to the following formula:
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(i.e., false detection), accuracy was assigned as 0% and the error rate as 100%. In cases where the error rate 
exceeded 100% (i.e., the predicted value was more than double the actual count), the detection result was 
considered unreliable, and the accuracy was set to 0%. 

As a supplementary metric, the error rate (Error%) was calculated as follows: 
 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 (%) =
�𝑁𝑁predicted − 𝑁𝑁actual�

𝑁𝑁actual
× 100 

The relationship between the two indices is given by:  
 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(%) = 100 − 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(%) 
 

The evaluation was performed in two stages. First, the detection accuracies of algorithm 1 and algorithm 2 
were compared directly to assess the effect of algorithmic structure on performance. Second, using the algorithm 

The evaluation was performed in two stages. First, the 
detection accuracies of algorithm 1 and algorithm 2 were 
compared directly to assess the effect of algorithmic 
structure on performance. Second, using the algorithm 
that showed higher accuracy, detection accuracies were 
further compared among three environments: indoor B. 
terrestris, outdoor B. terrestris, and outdoor A. mellifera.

5) Statistical analysis
All experimental data were tested for normality using 

the Shapiro-Wilk test. When the data satisfied the assump- 
tion of normality, statistical comparisons were perform- 
ed using the paired t-test, independent t-test, or one-way 
ANOVA as appropriate. For non-normally distributed 
data, the Wilcoxon signed-rank test, Mann-Whitney U 
test, or Kruskal-Wallis test was applied. For ANOVA 
results, Tukey’s HSD test was used for post hoc analysis. 
The significance level (α) for all statistical tests was set 
at 0.05. Results were expressed as mean±standard devi-
ation (SD), and differences were considered statistically 

significant when p<0.05. All statistical analyses were 
conducted using SPSS v.22.0 (IBM Corp., Armonk, NY, 
USA).

RESULTS AND DISCUSSION

1. �System implementation and operation 
validation

The smart beehive system was constructed according 
to the proposed design, integrating sensor, control, com-
munication, and image recognition modules centered 
around the SBC (Raspberry Pi 4B). Inside the hive, 
temperature and humidity sensors (SHT30), a CO2 sen-
sor (CM1107), and a load cell (CZL635) were installed, 
while an external temperature-humidity sensor (DHT22) 
and a fan were mounted outside. The heater and fan were  
operated via a 5 V relay module controlled by the SBC. 
Real-time measurement data-including temperature,  
humidity, CO2 concentration, and feed weight-were  
simultaneously displayed on the SBC monitor and stored 
in the server database (Fig. 5). All sensors operated 
properly, and the measured values were displayed in real 
time. In the system operation test, the outputs of each 
sensor remained stable: the temperature sensor deviation 
was within±0.2℃, humidity within±1.5% RH, CO2 
sensor noise within±50 ppm, and load cell fluctuation 
within±2 g. Data were recorded at one-minute inter-
vals, and no communication error or data loss occurred 
during continuous operation for more than five minutes. 
In the control module test, the heater automatically acti- 
vated when temperature decreased and stopped when it 
increased, while the fan operated automatically under 
elevated external temperature, maintaining internal tem-
perature within a stable range (Fig. 6). These results con-
firm that the hardware and control system of the smart 
beehive operated as intended and that all components 
functioned in a synchronized and stable manner. This 
integration of environmental sensing and image-based 
activity monitoring is particularly relevant because inter-
nal temperature and ventilation directly influence brood 
thermoregulation and overall colony stability (Sudar-
san et al., 2012; Meikle and Holst, 2015). Continuous, 
non-invasive monitoring reduces the need for frequent 
hive opening and allows beekeepers to detect abnormal 
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changes earlier than with conventional manual inspec-
tions (Meikle and Holst, 2015), thereby supporting more 
stable colony management.

2. Validation of environmental control algorithm

To verify whether the environmental control algorithm 
of the smart beehive operated properly according to the  

preset temperature conditions, experiments were con-
ducted by dividing the system into winter mode (heater 
control) and Summer mode (fan control). Data were col- 
lected at one-minute intervals, and the internal tempera-
ture (Tin), external temperature (Tout), relative humidity, 
CO2 concentration, and control signal status (Heater or 
Fan) were recorded simultaneously. In winter mode, the 

Fig. 6. Example of the graphical user interface (GUI) for the smart beehive. (A) On-device control panel, (B) Smartphone application screen 
displaying data received from the server.

(A) (B)

Fig. 5. External appearance and internal structure of the fabricated smart beehive system. (A) Overall configuration, (B) System interface, (C) 
Integrated system view. 

(A)

(C)

(B)



Smart Beehive System for Environmental Control and Image-Based Bee Activity Monitoring

417

control condition was set so that the heater was activated  
when the internal temperature fell below 25℃ and turned 
off when it exceeded 30℃. The results showed that the  
internal temperature repeatedly increased and decreased 
according to the preset threshold, and a rapid tempera-
ture rise occurred during heater operation (Fig. 7). In 
particular, the frequency of heater activation significant-
ly increased during the early morning (06:00-09:00) and 
nighttime (after 20:00) when the ambient temperature 
was lowest, and after 20:00, the heater tended to remain 
on continuously. After the heater was turned on, the inter- 
nal temperature reached 30℃ within approximately four 
minutes, and then gradually decreased, maintaining a sta-
ble range of 27.9±1.9℃ on average (Table 4). Accord- 

ing to the analysis of control states shown in Table 5, the  
mean internal temperature during heater operation was  
27.4±1.7℃, while that during heater-off periods was 
30.3±0.3℃, indicating that the control algorithm main-
tained thermal stability within ±2℃. These results de- 
monstrate that the algorithm accurately functioned ac- 
cording to the temperature settings and effectively sta-
bilized the internal thermal conditions. Maintaining this 
narrow thermal range is critical, as even small tempera-
ture fluctuations can impair brood development and col-
ony metabolism (Sudarsan et al., 2012; Switanek et al., 
2017). The smart hive effectively minimizes this risk by 
stabilizing internal temperature within ±2℃.

In summer mode, the control condition was set so that 

Fig. 7. Internal temperature and heater activation pattern of the smart beehive during winter mode. The blue line represents the internal tem-
perature (Tin), and the orange bars indicate heater activation periods (status = 1). The heater was automatically turned on when Tin≤25℃ and 
turned off when it exceeded 30℃.

Table 4. Field operating conditions of the smart beehive system under summer (fan control) and winter (heater control) modes

Control mode Number of 
data points

Temperature (℃) Humidity (%RH)

Mean±SD Max Min Mean±SD Max Min

Summer (Fan) 1,454 24.8±5.3 35.9 19 76.2±6.1 86.3 49.2
Winter (Heater) 4,271 13.4±5.4 60.9 8.5 83.9±7.6 90.7 54.3
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the fan was activated when the internal temperature ex-
ceeded 32℃ and stopped when it dropped below 32℃. 
The results showed that when the internal temperature 
exceeded 32℃, the fan immediately operated, and the 
internal temperature rapidly decreased during fan oper-
ation (Fig. 8). Fan operation was most frequent between 
14:00 and 16:00, corresponding to the period when the 
greenhouse temperature reached its daily maximum, re-

flecting the immediate response of the control algorithm 
to ambient thermal changes. As a result of repeated cool- 
ing cycles, the internal temperature was maintained with- 
in an average range of 28.7±2.6℃, and the mean inter-
nal temperature during fan operation was measured at 
32.1℃. Although this value was slightly higher than the 
external temperature (mean 25.0℃), the system main-
tained the temperature within the optimal range (approx-

Fig. 8. Internal temperature and fan activation pattern of the smart beehive during summer mode. The blue line represents the internal tempera-
ture (Tin), and the orange bars indicate fan activation periods (status=1). The fan operated when Tin≥32℃ and stopped when the temperature 
dropped below 32℃.

Table 5. Performance comparison of the internal environmental control algorithm in the smart beehive

Control 
mode Activations

Number of 
control 

activations

Environmental conditions during control operation (Mean±SD)

Internal 
temperature (℃)

Internal humidity 

(%RH) CO2
 (ppm) External 

temperature (℃)

Summer 

(Fan)
OFF 1,408 28.6±2.6 62.9±1.1 1,281.4±509.0* 24.5±5.2
ON 46 32.1±0.1 63.1±0.2 758.2±350.4 33.4±1.6

Winter 

(Heater)
OFF 696 30.3±0.3 53.4±5.2 5,000±0.0 18.7±6.4
ON 3,575 27.4±1.7 48.0±3.4 5,000±0.0 12.3±4.5

1) Asterisk indicates a statistically significant difference at p<0.05 between ON and OFF states within the same mode.3.3 Validation of the Image 
Recognition-Based Bee Activity Detection Algorithm.
2) The ON and OFF data represent the conditions at the time of control activation and deactivation, respectively. The fan turned ON at higher internal and 
external temperatures (≈32℃, midday peak) and turned OFF after cooling to ≈29℃. The heater turned ON when internal temperature dropped to ≈27℃ (with 
external ≈12℃) and turned OFF after warming to ≈30℃ (external ≈19℃).
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imately 28-32℃) suitable for colony activity.
In the summary of control performance (Table 5), the 

temperature deviation was±1.9℃ in winter mode and 
±2.6℃ in summer mode, both showing stable control 
characteristics. The values presented in Table 5 corre-
spond to the environmental conditions at the moment 
when the fan or heater was activated (ON) and deacti-
vated (OFF). Therefore, higher temperatures during fan 
activation and lower temperatures during heater activa-
tion indicate the triggering thresholds for control oper- 
ation rather than the resulting stabilized states. These 
results confirm that the environmental control algorithm 
of the smart beehive system automatically operated the 
heater and fan according to the temperature conditions 
and maintained internal environmental stability. 

Fan operation also significantly affected the CO2 con- 
centration. In Summer mode, the mean CO2 concentra-
tion during fan-on periods was 758.2 ppm, which was sig-
nificantly lower than that during fan-off periods (1,281.4  

ppm) (t1452 =6.918, p=0.0001; Table 5). This result sug- 
gests that the fan induced immediate ventilation of the in-
ternal air, thereby discharging the accumulated CO2 from 
the hive. While temperature change caused by heater  
operation generally shows a certain time delay, the fan 
operates instantly and circulates the air, thereby rapidly 
stabilizing the internal environment. This immediate 
ventilation effect is consistent with the findings of Lee 
and Yoon (2017), who reported that installing venti-
lation fans in bumblebee (Bombus terrestris) colonies 
under high-temperature greenhouse conditions reduced 
the internal colony temperature by approximately 3℃, 
decreased fanning behavior by ninefold, and doubled 
foraging activity. In contrast, in winter mode, the CO2 
concentration continuously remained at 5,000 ppm, 
which was considered a sensor saturation value due to  
the limited upper detection range of the CO2 sensor rather  
than an actual plateau. Therefore, future smart beehive 
systems should apply sensors capable of detecting a wider  
range of CO2 concentrations (e.g., 0-20,000 ppm or 
higher) to enable more precise monitoring of respiratory 
gas changes and ventilation performance. According to 
the field operation test results summarized in Table 4, a 
total of 1,454 data points were collected in summer mode 

(mean internal temperature 24.8±5.3℃, relative humid-
ity 76.2±6.1%), and 4,271 in winter mode (mean inter-

nal temperature 13.4±5.4℃, relative humidity 83.9± 
7.6%). These differences reflect the seasonal variation in 
external environments and demonstrate that the control 
algorithm effectively maintained internal stability by 
adapting to external environmental conditions. The ther-
mal stability achieved by the control algorithm is particu- 
larly relevant because brood development and colony  
metabolism are highly sensitive to temperature fluctua-
tions (Heinrich, 1979; Sudarsan et al., 2012). Similarly, 
the rapid decrease in CO2 concentration during fan activa- 
tion aligns with previous findings that ventilation dyna- 
mics reflect colony respiratory activity and brood health 

(Bencsik et al., 2023). Such stabilization is essential for 
preventing suboptimal brood temperature and reducing 
colony stress (Meikle and Holst, 2015).

To evaluate the performance of the image recognition- 
based bee activity detection algorithm of the smart bee-
hive, two algorithms (Algorithm 1 and Algorithm 2) were  
applied and their detection accuracy for bee entry and 
exit was compared. The analysis items were divided into  
three categories: ‘In count’, ‘Out count’, and ‘Total 
count’. According to the statistical analysis results, algo- 
rithm 2 showed significantly higher accuracy than algo- 
rithm 1 in all items (t-test, p<0.001; Fig. 9). The in 
count accuracy of algorithm 1 was only 0.0% on average,  
whereas that of algorithm 2 improved to 71.2±36.2% 

(t17 = -8.348, p =0.0001; Fig. 9A). Similarly, the out 
count accuracy increased from 20.5±29.0% in algo-
rithm 1 to 75.0±27.0% in algorithm 2 (t34 = -5.841, p=  
0.0001; Fig. 9B). In the total count accuracy, algorithm 
1 showed only 10.2±22.7%, while algorithm 2 im-
proved to 73.1±31.5%, representing more than a seven- 
fold increase (t70 = -9.709, p=0.0001; Fig. 9C). This im-
provement is considered to be due to the addition of the 
outer D zone in algorithm 2, which effectively removed  
duplicated detections caused by hovering or round-trip 
flights near the entrance (Table 4). These results indicate  
the importance of spatial segmentation in image recogni- 
tion-based bee activity analysis. Because bee movements  
around the entrance occur irregularly in three dimensions, 
single-frame-based detection is easily affected by hover-
ing or partial occlusion. Therefore, the structure of algo-
rithm 2, which added a D zone to track the actual enter- 
ing and exiting direction of bees, was found to signifi-
cantly improve detection accuracy in real environmental 
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conditions. Recent studies have shown that incorporating  
temporal smoothing or multi-object tracking significant-
ly improves entrance-traffic detection accuracy (Kong-
silp et al., 2024; Lei et al., 2024). These findings support 
the effectiveness of the additional D-zone in algorithm 2,  
which reduces duplicated or ambiguous events and en-
hances overall recognition stability. This improvement 
provides a core technical foundation for more accurate 
quantification of colony activity and for the future devel-
opment of automated physiological monitoring systems.

Applying algorithm 2, the detection accuracy was anal- 

yzed according to each test environment (Indoor Bom-
bus terrestris, Outdoor B. terrestris, Outdoor Apis melli- 
fera). The total count accuracies were 70.3±28.5%, 
85.0±28.8%, and 64.1±35.7%, respectively, showing  
significant differences among environments (one-way 
ANOVA test F2, 25 =4.301, p =0.025; (Fig. 10A). Al-
though there was no difference in ‘In count’ accuracy 
among environments (F2, 9 =2.743, p=0.117; (Fig. 10B), 

Fig. 10. Comparison of bee-count detection accuracies under 
different experimental environments using algorithm 2. (A) Total- 
count, (B) In-count, and (C) Out-count accuracies. Different letters 
indicate significant differences among environments based on one-
way ANOVA followed by Tukey’s HSD test (p<0.05). Error bars 
represent±SD.

(A)

(B)

(C)

Fig. 9. Comparison of detection accuracies between algorithm 1 
and algorithm 2. (A) In-count accuracy, (B) Out-count accuracy, (C) 
Total-count accuracy. Error bars represent±SD. Asterisks indicate 
significant differences at p<0.05 based on t-test.

(A)

(B)

(C)
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significant differences were observed in ‘Out count’ accu-
racy (F2, 13 =5.711, p=0.017; (Fig. 10C). Post-hoc anal-
ysis revealed that the accuracy in the outdoor B. terre- 
stris environment was significantly higher than that in 
the outdoor A. mellifera environment. The lower detec-
tion accuracy observed in A. mellifera was largely attri- 
butable to entrance congestion caused by the colony’s 
larger population and the use of a single shared entrance. 
High-density traffic increases the likelihood of overlap- 
ping individuals within the same frame, producing par-
tial occlusion and ambiguous transitions-well-known 
challenges in vision-based hive monitoring (Lee et al.,  
2020, 2022). In contrast, B. terrestris colonies are smaller  
and typically maintain lower traffic density, and their 
dual entrance-exit structure reduces bidirectional colli- 
sions. These species-specific differences in colony size, 
entrance architecture, and flight patterns have been shown  
to strongly influence automated recognition robustness 

(Heinrich, 1979; Goulson et al., 2010). The higher accu-
racy obtained from B. terrestris in outdoor conditions is 
therefore consistent with these behavioral and structural 
characteristics. Machine-learning-based recognition stud- 
ies further support the species-specific differences ob-
served here. Rozenbaum et al. (2024) reported that trait 
differences in body size, contrast, and movement regula- 
rity strongly influence the robustness of automated bee 
recognition systems. These characteristics likely con-
tributed to the higher accuracy observed in B. terrestris 
compared with A. mellifera in our outdoor trials. The 

image recognition-based algorithm proposed in this 
study was effective in automatically quantifying colony 
activity.

CONCLUSION

This study developed a smart beehive system that inte- 
grates environmental control with deep-learning-based 
activity monitoring and demonstrated that the platform 
can maintain stable internal conditions while quantifying  
bee traffic in real time. By combining automated temp- 
erature regulation with image-based tracking of incom-
ing and outgoing bees, the system offers a non-invasive  
framework for simultaneously assessing colony micro- 
climate and behavioral dynamics. Despite these strengths,  
the current validation was limited to short-term green-
house trials, and long-term operation under diverse field 
conditions remains to be evaluated. The image-recogni-
tion module also showed reduced accuracy under high- 
density honeybee traffic, largely due to temporary occlu- 
sion and overlapping individuals-a challenge inherent 
to vision-based approaches. Additionally, real-time image  
processing requires relatively high computational re-
sources, which may increase hardware cost and limit 
scalability for commercial deployment. Future work 
should therefore pursue multi-season field testing, im-
proved tracking strategies that mitigate occlusion in 
large colonies, and sensor-fusion approaches that incor-
porate low-cost infrared (IR) counting modules. Such 
hybrid systems could reduce computational load while 
maintaining reliable activity measurements. Overall, the 
findings provide a practical technological foundation for 
advancing data-driven precision apiculture and support-
ing more sustainable pollination management.
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Fig. 11. Example of recognition errors in the bee activity detection 
algorithm.
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